A variation focused cluster analysis strategy to identify typical A variation focused cluster analysis strategy to identify typical daily heating load profiles of higher education buildings daily heating load profiles of higher education buildings This paper presents a variation focused cluster analysis strategy to identify typical daily heating energy usage profiles of higher education buildings. Different from the existing cluster analysis studies which were primarily developed using Euclidean distance as the dissimilarity measure and tended to group the daily load profiles with similar magnitudes, Partitioning Around Medoids (PAM) clustering algorithm with Pearson Correlation Coefficient-based dissimilarity measure was used in this study to group the daily load profiles on the basis of the variation similarity. A comparison of the proposed strategy with a k-means cluster analysis with Euclidean distance as the dissimilarity measure was also performed. The performance of the proposed strategy was tested and evaluated using the three-year hourly heating energy usage data collected from 19 higher education buildings in Norway. The results demonstrated the effectiveness of the proposed strategy in identifying the typical daily energy usage profiles. The identified typical heating load profiles provided the information such as the peaks and troughs of the daily heating demand, daily high heating demand period and daily load variation. The identified profiles also helped to categorize multiple buildings into different groups in terms of the similar energy usage behaviors to support further energy efficiency initiatives. Abstract: This paper presents a variation focused cluster analysis strategy to identify typical 8 daily heating energy usage profiles of higher education buildings. Different from the existing 9 cluster analysis studies which were primarily developed using Euclidean distance as the 10 dissimilarity measure and tended to group the daily load profiles with similar magnitudes, 11
The collection of hourly energy usage data of individual buildings was the first step and the 118 necessary data can be generally collected from building management systems. There were four 119 tasks in the data pre-processing step, including outlier removal, data standardization, data 120 segmentation and the removal of the weekend data and the data segments with small variations. 121
In this study, the generalized Extreme Studentized Deviate (ESD) test method was used to 122 identify and remove the outliers in the collected raw data. As the magnitude of the energy usage 123 varied from building to building, to avoid the influence of identifying typical daily energy usage 124 profiles, the processed data of each building was standardized to zero mean and one standard 125 deviation. Data segmentation was then performed to transform the data into 24 hours segments in 126 order to form daily load profiles. As the primary focus of this strategy was to identify the typical 127 daily energy usage profiles during the building occupied periods with distinctive variation 128 patterns, the segments during the weekends and the segments with small variations were 129 discarded. The segments with small variations refer to the segments with a small difference 130 between the daily maximum and minimum energy usages. In this study, a threshold of 5.0% was 131 used, which means that 5.0% of the segments with the least difference among all daily segments 132 were discarded. 133
In the data mining step (see Fig. 1 ), Pearson Correlation Coefficient (PCC) was first 134 calculated to measure the dissimilarities among different daily load profiles. The Partitioning 135
Around Medoids (PAM) clustering algorithm was then applied to cluster the daily load profiles 136 with similar variations based on the PCC-based dissimilarity measure calculated. A boxplot was 137 used to remove the daily load profiles with the large aggregated dissimilarities (i.e. the sum of the 138 dissimilarities to all other daily load profiles in the same cluster) in each cluster, in order to 139 reduce the influence of the extreme daily load profiles on the identification of typical daily load 140 profiles. The daily load profiles with the aggregated dissimilarity measure beyond Q3+1.5IQR, 141 where Q3 is the third quartile and IQR is an inter-quartile range between Q1 and Q3, were 142 discarded. The typical daily load profiles were then determined by averaging the remaining daily 143 load profiles in each cluster. Lastly, a hierarchical clustering was used to group the buildings with 144 similar load characteristics. 145
In the last step, the identified typical daily load profiles and building groups were visualized, 146 evaluated and interpreted. 147
Outlier removal with the generalized Extreme Studentized Deviate (ESD) test method 148
Generalized ESD test method has been applied for identifying and removing outliers in 149 building energy usage data in a number of studies [14] [15] [16] . This method detects outliers through 150 comparing the studentized deviate R of n extreme observations to a critical value λ. The extreme 151 observations are the observations with the first n largest differences compared to the mean value 152 ̅ . The R i of the i th extreme observation x e, i is determined using Eq. (1) and the corresponding λ i 153 is defined in Eq. (2) [14] . The generalized ESD test method starts with the most extreme 154 observation and compares its R i to the corresponding λ i . If R i is greater than λ i , the extreme 155 observation is then identified as an outlier and removed from the dataset. The same process is 156 applied to the next extreme observation until all the n extreme observations are examined. More 157 details of the generalized ESD test method can be found in [14] . If an outlier is identified and 158 removed, its position will be filled through the linear interpolation. 159 where σ is the standard deviation, t n-i-1,p is the t-distribution with n-i-1 degrees of freedom and p is 162 the tail area probability and is defined in Eq. (3) [14] . Cluster analysis groups the data by minimizing the inter-cluster dissimilarity while 167 maximizing the intra-clusters based on a certain type of the dissimilarity measures [17] . In the 168 proposed strategy, the distance between the two daily load profiles (d PCC ) determined by Eq. (4) 169 was used to measure the dissimilarity between the two daily load profiles, in which the PCC is 170 defined in Eq. (5). 171 A comparison between the use of the PCC-based and ED-based dissimilarity measures is 176 illustrated in Fig. 2 , where ED was calculated using Eq. (6). The data used in Fig. 2 was given 177 only for illustration purpose. 178
It can be seen that the ED of Profiles 1 and 2 (d 12 ) and ED of Profiles 1 and 3 (d 13 ) were 180 38.91 kWh and 8.178 kWh, respectively. Compared to Profile 2, Profile 3 was closer to Profile 1 181 in terms of the ED dissimilarity measure. However, the variation of Profile 2 was more similar to 182 that of Profile 1, as shown in Fig. 2(a) is the maximum ED of the data objectives in two clusters, was used to measure the distance 214 between the clusters. 215
An advantage of the hierarchical clustering is that the overall process can be represented by a 216 tree structure graph called a dendrogram. The dendrogram can help to visualize the cluster 217 structure and assist in determining the optimal number of clusters. Fig. 3 illustrated a dendrogram  218 with three data points, where the ordinate axis indicated the distance between the data 219 points/clusters. The split points indicated the distance between the two data points/clusters. The 220 higher the split point, the less similarity between the data points/clusters [4] . Clusters can be 221 determined by the dashed line shown in Fig. 3 , which is a user-defined threshold. The data points 222 under the same split point below the dashed line can be merged into a cluster while the split 223 points above the dashed line are kept unchanged. For instance, the data points #1 and #3 were 224 under the same split point and below the dashed line and they will be merged into the same 225 cluster while the data point #2 formed another cluster. The threshold can be determined 226 graphically or based on the cluster validation index such as Dunn Index. More details of the 227 hierarchical clustering can be found in [21] . 228
Performance evaluation of the proposed strategy 229
In this study, the proposed strategy was implemented in R [22] while PAM algorithm was 230 implemented using the R package cluster [23] . The majority of the figures presented in this study 231 were generated using R package ggplot2 [24] . which failed to comply with the current energy efficiency regulations. Table 1 summarizes the 241 major information of the 19 buildings studied. More information on these buildings can be found 242 in [25] . 243
The heating demand of these higher education buildings was supplied through a district 244 heating network and each individual building was equipped with a dedicated heating energy 245 usage meter. The three-year hourly heating energy data collected from September to April in 246 2011-2013 were used in this study for performance evaluation of the proposed strategy. 247
Data pre-processing 248
The generalized ESD test method was first used to detect and remove outliers. Fig. 4  249 illustrates the three-year hourly heating energy usage data collected from building 03 with the 250 outliers identified (i.e. red circles). It can be seen that there is a large variation in the heating 251 demand annually. The highest heating demand generally occurred in January and February. It 252 should be noted that there was a small heating demand from May to August but this amount of 253 heating demand was significantly lower than that during the main heating period and was 254 therefore not considered in this study. 255
The data were then standardized to zero mean and one standard deviation and transformed to 256 daily segments. After removing the daily load profiles with small variations and daily load 257 profiles in the weekends, a total of 9,062 daily heating energy usage profiles were generated after 258 the completion of the data pre-processing step. 259
Identification of typical daily heating energy usage profiles 260
The number of clusters selected will directly influence the identification of the typical daily 261 load profiles. A too small cluster number might result in meaningless typical daily load profiles 262 while a large cluster number requires a large computational cost and increases the difficulties in 263 the results evaluation and interpretation. In this study, the optimal cluster number k (i.e. the 264 number of the typical daily load profiles) was selected between 5 and 15. Index resulted when the cluster number was 11, which was therefore determined as the optimal 267 cluster number in this study. 268
The boxplot of the aggregated dissimilarity measure of the identified clusters is illustrated in 269 observed that the number of the daily load profiles in all clusters ranged from 474 to 1413, 271 indicating that there was no cluster formed with few daily load profiles. It can also be seen that 272 all clusters contained the extreme daily load profiles (i.e. black dots) with the aggregated 273 dissimilarity beyond the threshold (i.e. Q3+1.5IQR) and these extreme daily load profiles were 274 removed in subsequent analysis. A total of 8,521 daily load profiles remained after removing the 275 identified outlier (i.e. extreme daily load profiles) from the dataset. The removal of this small 276 fraction of the extreme daily load profiles could enhance the visualization of the identified typical 277 daily load profiles without significant loss of the information. 278 Fig. 7 shows the identified typical daily load profiles by averaging all daily load profiles in 279 each cluster after the removal of the extreme daily load profiles. The red curves in the figure  280 showed the typical daily load profiles identified while the gray curves were all corresponding 281 daily load profiles in this cluster. It can be found that there was a clear boundary in the heating 282 demand between the working hours and non-working hours in some typical daily load profiles 283 such as the load profiles 2 and 8 while that in some typical daily load profiles (e.g. the load 284 profiles 1 and 5) were not very clear. There was no obvious boundary in the load profile 10. 285
Moreover, the nighttime from 22:00 to 03:00 of next day was the lowest heating energy usage 286 period for the majority of the typical daily load profiles identified except the typical load profiles 287 6, 7 and 10 with a noticeable high heating demand during the nighttime which is worthwhile for 288 further investigation. 289 weekday to the total number of days in each cluster. It was shown that the daily load profiles on 292 Tuesday, Wednesday, Thursday and Friday in each cluster were almost evenly distributed. In 293 some clusters such as the clusters 4 and 11, the number of days on Monday was obviously 294 different from that on the other weekdays and the reason behind this is presented in Section 4. 295 Therefore, this weekday load profile distribution can assist in determining whether a specific load 296 profile existed only in some specific days of a week. 297 Table 2 summarizes the key characteristics and the estimated high heating demand period of 298 the typical daily load profiles identified. To understand the knowledge and information 299 discovered by the proposed strategy, the profiles with a relatively high demand in the early 300 morning and late night as well as those with clear heating demand peaks and troughs will be 301 further investigated in Section 4. These include the typical daily load profiles 4, 6, 7, 9 and 11. 302
The rest of the typical load profiles were either similar to the typical daily load profiles 303 mentioned above or did not contain interesting characteristics and were therefore not further 304 investigated in this study. 305
Building classification based on the identified typical daily load profiles 306
In this section, 19 case study buildings were grouped according to the typical daily heating 307 load profiles identified. In order to eliminate the influence from the insignificant profiles, the first 308 two most dominant profiles of each building (see Table 3 ) were selected as the features for 309 building classification. From Table 3 , it can be seen that for some buildings such as buildings 02, 310 14 and 17, the most dominant profile accounted for a large proportion of the total number of days 311 remained for the typical daily load profile identification. For instance, 436 days out of 490 of 312 building 02 were in the most dominant profile, demonstrating that the daily load variation of this 313 building was consistent. In contrast, the number of days in the most dominant profiles of some 314 buildings such as building 10 and 15 were relatively small, which indicated that these buildings 315 did not have a consistent daily load profile during the time period investigated (2011) (2012) (2013) . 316
The percentages of the first two most dominant profiles were then used to group the buildings 317 that share the same daily energy usage characteristics based on the hierarchical clustering. Fig. 9  318 presents the dendrogram of building classification results, in which the buildings in the same 319 cluster were marked with the same color. In this study, the threshold (i.e. dashed line in the figure) 320 was visually selected due to the small number of the data points (i.e. buildings) used. It can be 321 seen that some clusters were formed with a single building while some clusters were formed with 322 several buildings. For instance, building 02 was identified as an individual cluster and buildings 323 01, 05, 10, 11 and 12 were grouped into one single cluster. 324
In order to better visualize and confirm the clustering results, the number of days belongs to a 325 typical daily load profile of different buildings were plotted as a heat map and are shown in Fig.  326 10. In this figure, the relative proportion (RP) was determined using Eq. (9) and the same order of 327 the building number as illustrated in Fig. 9 was used. It was visually shown that the majority of 328 the buildings had one significant dominant profile. 329 
Interpretation of the identified typical daily load profiles 334
In order to understand the reasons behind the main characteristics of the typical daily load 335 profiled identified, buildings 02, 14, 17, 08 and 03 were selected based on the clustering results 336 and used to represent the typical daily load profiles of 4, 6, 7, 9 and 11 presented in Fig. 7,  337 respectively. 338
Building 02 -Typical daily load profile 4 339
Building 02 is an office and laboratory building which was built in 1965. A recent survey 340 indicated that this building was poorly insulated with a U-value of 0.91 W/m 2 K for the exterior 341 wall insulation and a U-value of 0.59 W/m 2 K for the roof insulation. Different from many other 342 buildings using hot water radiators for space heating, the heating of this building was supplied 343 through ventilation without using heat recovery. However, the heat recovery has been 344 mandatorily required for decades in Norway in ventilation. 345 Fig. 11(a) shows the heating energy usage of building 02 in the two consecutive days. It was 346 clearly shown that the high heating demand started at 04:00 in the morning, which was consistent 347 with the typical daily load profile 4. However, it was much earlier than the normal building 348 occupied hours. The feedback from the building operator indicated that the occupants in this 349 building continuously complained about the thermal comfort during the morning time. The 350 heating period was therefore extended in order to satisfy the occupant thermal comfort and to 351 provide freezing protection [26] . 352
Building 14 -Typical daily load profile 6 353
Building 14 is a sports center, which was usually operated till midnight. The heating demand 354 of this building in the two consecutive days is illustrated in Fig. 11(b) . The major characteristics 355 of the two-day heating demand matched well with that of the typical daily load profile 6. The 356 highest heating demand generally occurred around 19:00. This high heating demand was 357 probably related to the hot water usage for the shower requirement. The water usage data of this 358 building in the same two days are presented in Fig. 12 . It was clearly shown that there was a high 359 peak of the water usage at around 19:00, which was in line with the heating energy usage profiles. 360
It was also found that the water usage of this building dropped to zero at 01:00 which also 361 matched with the heating demand variation. 362
Building 17 -Typical daily load profile 7 363
Building 17 is a multi-functional building with offices, educational rooms and laboratories, 364 which was constructed around the year 1996. As shown in Fig. 11(c) , the two-day heating load 365 profile of this building was similar to that of the typical daily load profile 7 identified. The high 366 heating demand period lasted till to 23:00. The feedback from the building operator indicated that 367 the building occupants required the building to be heated till to 23:00 for special activity 368 requirements. 369
Building 08 -Typical daily load profile 9 370
Building 08 is an old building constructed in 1924 and is also a multi-functional building 371 with offices, educational rooms, and laboratories. A clear peak and a clear trough can be 372 observed in Fig. 11(d) at 05:00 and 21:00 respectively, which were consistent with the 373 information presented in the typical daily load profile 9. The heating demand peak and trough 374 were found to be mainly caused by the sudden change of the supply water temperature. was also observed in a previous study [27] . 381
The building operator was also approached for the reason why the high heating demand 382 started at around 05:00. However, no information on this was recorded. This is probably also due 383 to the poor insulation of the building (i.e. U-value of 1.0 W/m 2 K for the exterior wall insulation 384 and U-value of 0.7 W/m 2 K for the roof insulation), which might result in a longer pre-heating 385 period before the building was occupied. 386
Building 03 -Typical daily load profile 11 387
Building 03 is a mix of offices and laboratories, which was constructed in 1951. The typical 388 daily load profile 11 was very similar to the typical daily load profile 9. However, in the typical 389 daily load profile identified, there were very few days from Monday. Fig. 11(e) illustrates the 390 heating demand of building 03 in two days of Monday and Tuesday. It was clearly shown that 391 there was a heating demand peak at 07:00 and a trough at 17:00 in the daily heating load profile 392 on Tuesday, which matched well with the typical daily load profile 11. However, on Monday, the 393 heating demand peak occurred at 06:00. This is mainly due to the fact that, during the weekend, 394 the heating system was either not running or running with a lower supply water temperature, 395 resulting in a lower indoor temperature than during the weekdays. In order to achieve a desirable 396 thermal comfort on Monday morning, the building was therefore pre-heated earlier than that 397 during the weekdays. 398
Comparison between the use of ED-based and PCC-based clustering 399
In this section, the results of using the ED-based and PCC-based clustering were compared 400 and presented. The same data pre-processing used for the PCC-based clustering was performed 401 for the ED-based clustering while the commonly used k-means and ED-based dissimilarity 402 measure were used to replace PAM and PCC-based dissimilarity measure. The optimal number 403 of clusters for the ED-based clustering determined was 10, as shown in Figure 13 , which was also 404 determined based on Dunn index. 405
Based on the optimal number of clusters determined, the typical daily heating load profiles 406 can then be identified after removal of the extreme daily load profiles based on the box plot 407 analysis. Fig. 14 presents the clustering results and the identified typical daily heating load 408 profiles using the ED-based clustering. It can be seen that the profiles identified using the k-409 means clustering with ED-based dissimilarity measure can still provide some useful information 410 in the identified typical daily heating load profiles. For instance, a morning peak was observed 411 and the building was heated till to midnight in the typical daily load profile 7, which was very 412 similar to the typical daily load profile 6 identified using the proposed strategy. 413
However, some profiles identified such as the typical daily load profiles 3 and 9 were too flat 414 and cannot provide useful information for further analysis. Some important information, e.g. 415 05:00 heating demand peak (corresponding to the load profile 9 in Fig. 7) , 04:00 high heating 416 demand start time (corresponding to the load profile 4 in Fig. 7) , 17:00 low trough 417 (corresponding to load profile 11 in Fig. 7) , identified by the proposed strategy cannot be 418 identified using the k-means clustering with ED-based dissimilarity measure. In addition, some 419 profiles such as the load profiles 2 & 7, and the load profiles 6 & 8 presented in Fig. 14 showed  420 very similar trends but with different magnitudes. This further demonstrated that the ED-based 421 dissimilarity measure tends to identify daily load profiles that were similar in terms of the 422 intensity. 423
The heat map in Fig. 15 
